Our article investigates the effect of macro socio-economic drivers on Australian households' allocation of expenditure in a category (household appliances) and conditional on the allocated category expenditure, preferences for products (clothes washers) within the category. At the category-level, we quantify the effect of changes in social mobility, disposable income, housing prices and the 2009 stimulus payments on purchase propensity and expenditure. At the product-level, we investigate how households trade off between price, energy efficiency and loading capacity conditional on allocated category expenditure, measuring nonhomotheticity in preferences. We use the model to study a number of hypothetical scenarios, where we simulate the effect of changes in macro socio-economic drivers and fiscal policies on market structure and revenue.
INTRODUCTION
Successful planning of long-term marketing strategy depends on a comprehensive understanding of consumer reactions to both macro socio-economic drivers and fiscal policy changes (often enacted as a response to a crisis to offset the impact of a negative shock). Without a detailed quantitative assessment of the impact of the macro climate on consumers, a marketing manager will be unable to optimally update strategies (e.g., Gordon et al. 2012 show that price elasticities in a grocery store, and by implication optimal pricing strategies, co-move with gross domestic product). Additionally, studying the impact of policy responses is of import to policy makers tasked with managing the economy. For example, in the recent global crisis, decreased discretionary income, decreased home values (private assets), and decreased social mobility, combined to significantly dampen consumer spending. To encourage consumer spending, governments responded by introducing stimulus measures. For example, the Australian government spent AUS$21 billion on tax bonuses in 2009 (see Leigh 2012 for details).
There has been considerable debate on the response of consumers to the fiscal stimulus.
Prior work in both marketing and economics has considered the impact of macro socio-economic drivers on category choice. For example, Du and Kamakura (2008) , 1 http://www.theaustralian.com.au/opinion/fiscal-stimulus-did-not-save-us/story-e6frg6zo-1225897744621 Kamakura and Du (2012) and Dutt and Padmanabhan (2011) study the impact of business cycles, economic contractions/expansions, and currency crises respectively, on category level measures of consumer expenditure. Additionally, Ma et al. (2011) examine the impact of gasoline prices on consumer purchases in the grocery store. Lamey et al. (2007) describes the evolution of private label share across business cycles, while Lamey et al. (2012) investigates the role of marketing conduct in the adoption of private label products across business cycles. Finally, Albuquerque and Bronnenberg (2011) study the impact of an economic crisis on prices and dealer networks in the automobile industry.
However, considerably less attention has been paid to the impact of such factors on consumer preferences, and hence rates of substitution across, differentiated products. Accordingly, our study investigates the impact of changes in income, mobility, and fiscal policy on purchases, and traces the impact of a stimulus payment on category incidence, expenditure and preferences. Substantively, we focus on household appliances (differentiated durable goods), with particular focus on the brand shares of clothes washers. Household appliances represents a large component of the Australian economy, with approximately AUS$6 billion in annual revenue and approximately AUS$600 million in clothes washer sales. A negative change in economic climes affects the demand for household appliances in two ways. First by reducing income, a recessionary shock reduces a consumer's ability to spend in the category. As consumer durables represent significant financial decisions for most households, they are likely to be especially vulnerable to changes in household finances. Second, recessions decrease population mobility (for several reasons including a consumer being locked into a home mortgage). Unique to a small subset of product categories that cater to households changing addresses, the decreased mobility translates into a decrease in the need (and hence decrease in primary demand) for the product.
Methodologically, we build on the Aggregate Random Coefficients Logit model henceforth ARCL model (Berry et al. 1995 , Sudhir 2001 , Chintagunta et al. 2003 . First, we specify a dynamic panel model for category consideration (discussed by Ching et al. 2009 ) and expenditure. Our model controls for both state dependence and unobserved heterogeneity. We use the model to examine the impact of the macro climate on category consideration in addition to the impact on preferences and brand shares. Next, we model the purchase decision for clothes washers. We allow preferences to rotate with the allocated category expenditure, allowing consumer preferences to be nonhomothetic: marginal rates of substitution across alternative products are allowed to change with category expenditure.
We find that nonhomothetic attribute preferences imply that a change in macro socio-economic drivers (which impact households' prosperity) changes aggregate and product level elasticities, brand shares and revenues. For example, we find that households prefer to trade up to larger (and more energy consuming) machines with increasing disposable income, reshaping market structure by changing expenditure allocation and preferences. Further, we simulate the impact of different scenarios that reflect recent events, particularly focusing on the impact of mobility, prices of residential homes and changes in disposable income. Most noteably, our findings suggest that the targeted stimulus used in Australia, with the size of payments aligned with income, had a substantially larger impact than a similar (equivalent in cost to the Australian government) uniform stimulus on total expenditure in household appliances.
More broadly, we answer prior calls to the use of structural models to relate macro socio-economic drivers to consumer behavior (c.f. Hausman 2003 , for a discussion on using structural models to develop a more accurate consumer price index). These authors suggest that by treating consumer preferences as primitives, a structural model is better able to understand and predict consumer behavior in different financial climes.
Indeed, Dutt and Padmanabhan (2011) suggest that "decision makers seeking to obtain a proper assessment of the impact of [a] crisis on their business need to start by understanding the impact of [the] crisis on their consumer's behaviors." In response to such calls, we simulate and quantify the impact of the macro climate and policy responses on a focal brand or category. Beyond the impact of these on consumer spending, our approach also provides guidance on the ancillary effects of a stimulus on product attributes. Hence, for example, our model can be used to simulate if rebates for cars may increase the likelihood of a consumer trading up to a larger car, with lower gas mileage (and a larger carbon footprint).
The remainder of the paper is structured as follows. In the next section we outline our framework for studying consumer purchases in clothes washers, discuss the major modeling challenges and describe the formal model and our estimation strategy. Next, we describe our findings, both for purchases in consumer appliances and for clothes washers. We conclude by describing our counterfactuals and discussing the substantive implications of our work.
DATA AND MODEL

Data
We estimate the category expenditure model on disaggregate data from the Household Second, we model the choice of a product in the category. We build on the ARCL model to allow for nonhomotheticity in preferences. We estimate the product choice model on unit volume data, made available by GfK (Australia and New Zealand) for each state in Australia. The data is based on a retail store audit, collected and commercially sold by GfK to retailers throughout Australia. We use annual data from July 2007 to June 2010. The data includes the average price (transactional price, net of any price promotions) per unit sold, and the attribute level descriptors for all products available for sale in the market.
We focus on two clothes washer attributes: loading capacity and energy efficiency.
The loading capacity is the maximum capacity of a clothes washer, measured in kilograms of (dry) clothing. Energy efficiency is measured using the Energy Star rating index. The "Energy Star" program is a 1992 initiative of the US Environmental Protection Agency. The scale provides consumers with information about the energy efficiency of a product, based on a typical usage profile. In Australia, it is a mandatory requirement for all household appliances to calculate and report their Energy Star rating 2 . The Energy Star rating, ranging from one (least efficient) to five (most efficient), is printed on a prominent label adhered to the machine at point of sale. The program is backed by a range of publicly available information on the correct use, and the basis for computation, of the rating scale.
We focus on the 8 brands with the largest market share in clothes washers (that jointly account for 92.1% of all purchases, with the 9th brand accounting for 1.69% of purchases). While our model does not use any typology of brands (our estimates are agnostic to any classification), to facilitate the discussion of our results, we refer to brands as being lower or higher tier. Our discussions with marketing practitioners in Australia indicate that Bosch is generally regarded as a premium brand, followed closely by Electrolux, Fisher & Paykel and Whirlpool. LG and Samsung are generally perceived as being lower in quality, with Simpson being viewed as an 'entry-level' brand.
2 Mandatory eco-labels are also required by other countries. In the USA, for example, manufacturers are required to report estimated annual energy consumption in a "EnergyGuide" label. We observe and model shares for each clothes washer stock keeping unit (SKU) sold in Australia. We make two simplifications to reduce outliers where a product was in limited distribution. First, for SKUs that sell less than 50 units in a state and a period (that is for the lowest 1.5% of our sample), we form a composite product for each brand in each state and period, that has the median attribute and median price of the products.
Second, we form a composite product for the trade brand, and use the median attributes in the state and period for its attributes.
Formal model
Category expenditure allocation model. A key challenge in modeling cross-category allocations of household expenditure is accounting for households not purchasing in a category (e.g. Kamakura 2008, Drèze et al. 2004 ). To account for such "corner solutions", we build on the Tobit 2 model (used prior in marketing, e.g. by Algesheimer et al. 2010 ), and separately model consideration and expenditure. We specify a dynamic panel model, where in state s, year t, for household h ∈ {1, . . . , H}, the decision to purchase (c hst = 1[c * hst > 0]) and expenditure in the category e hst conditional on purchase, is a function of past expenditure (e hst−1 ), past consideration (c hst−1 ), observables (z hst = {z chst , z ehst }) and state and year fixed effects({D cst , D est }):
We treat unobserved household heterogeneity (ω ch , ω eh ) and household-period specific i.i.d. shocks ( chst , ehst ) as being zero mean bivariate normal with covariance matrices:
The covariance terms can be combined via summation, with overall covariance structure:
where the total correlation is:
The expected category expenditure conditional on purchase in the category, for any household h in state s, year t is:
where
We study the effect of disposable income (net of taxes and governmental transfers), the value of the primary residence (if the household owns the home), and distance moved in the previous year (expressed in kilometers) on category expenditure.
Appendix A characterizes properties of the expenditure allocation model. Table 1 reports summary statistics, and provides corresponding HILDA data names. 3 [ Product choice model. We write the indirect utility for a household h choosing a model of clothes washer j from a choice set J as:
F st is a fixed effect for state and year. The product-specific demand shock, ξ jst , is assumed to be observed by everyone in the market, but unobserved by the researcher.
The indirect utility for the outside good is represented by V h0st which represents the option of not purchasing a clothes washer and is assumed to be driven only by total category expenditure and a stochastic term (we normalize ξ 0st = 0):
The household specific coefficients {α h , (5) and (6), implies:
where the homogenous component is δ jst = α log(p jst ) + βx j + F st + ξ jst , and the heterogenous component is: , the probability of household h purchasing product j, when faced with the allocation e hst for the category is:
To reduce notational clutter, we abuse notation by dropping the parameters from the expression, and write
Integrating over households, the market share of product j in state s and time t, s jst is:
The first component (I) is the probability of purchasing product j conditional on the attributes and prices of the products available in the choice set, heterogeneous preferences, allocated category expenditure and the household considering the category.
The second component (II), describes unobserved cross-household heterogeneity in the 1 + R heterogenous attributes. The third component (III) is the conditional category consideration probability, given household h with characteristics h hst . The fourth component (component IV) is the probability that a household with characteristics h hst exists in the population (H), as estimated by HILDA. Thus, we model market share as being the expected probability of purchasing product j conditional on the attributes and prices of the products available in the choice set, with expectations taken over the 1 + R nuisance parameters and HILDA estimated probabilities.
Model analytics
We derive four metrics that capture the impact of a change in a socio-economic driver, on household purchases. The first three metrics 4 correspond to measuring changes in the probability of purchasing a household appliance, the expected expenditure in household appliances, conditional on purchase, and the change in clothes washer purchase probability, with a change in a socio-economic driver. The fourth metric characterizes the change in price elasticity, thus accounting for the tertiary impact of a change in the macro climate on market structure (by changing preferences and hence elasticity). While we can derive an analogous metric for any marketing mix instrument, we choose to focus on price as it is the most salient marketing instrument in our context. Additionally, Gordon et al. (2012) focus on measuring changes in price elasticity in differentiated consumer packaged goods with the macro climate. As we focus on measuring similar constructs in differentiated durables, our studies are complementary in developing empirical generalizations. When considering either the probability of a household purchasing a household appliance, or a clothes washer, we use quasi elasticities 5 in place of elasticities. The household consideration quasi elasticity is (see Appendix B):
where Λ = φ/Φ is the inverse Mills ratio, and
Assuming that e hst is expressed in logarithmic scale, the category expenditure elasticity, conditional on category consideration, is (see Appendix B for a derivation):
> 0, as in our application, 6 then the quasi elasticity of purchasing product j with respect to z rhst is (see Appendix B):
are mean-centered deviations (arithmetic mean, weighted by the conditional probability of purchase of each product) of the focal product's attribute r, and price, respectively.
If the Engel parameters are zero, macro climate changes cause category expansion or 5 Quasi elasticities describe changes in the conditional probability of an event, with respect to a change in a focal variable. The quasi elasticity of e w.r.t. x, expressed in logarithmic form, is η e,x = ∂log(P(e|x)) ∂x . 6 It is straightforward to extend our results to alternative cases. For brevity, we focus on the case that corresponds to our application. contraction but do not affect product shares. If the Engel parameters are non-zero, then the sum of the deviations for each brand (across attributes) influences the degree of rotation towards or away from the brand. For example, with increasing disposable income, if a household increases the allocated expenditure for the category, then its demand for product j will depend on the match between the attributes of product j, and the household's increasing/decreasing sensitivity to those attributes. If the product is inferior, in the sense of possessing attributes that the household rotates away from with increased expenditure allocations, then its demand elasticity for product j may be negative. Conversely, products benefit from negative macro socio-economic changes if the Engel rotation is sufficiently large to induce an increase in shares and revenue that offsets category contraction. Specifically in a category where disposable income has a non-negative impact on category consideration and category expenditure allocation
> 0) products benefit from a negative shock if:
The Engel parameters also lead to a change in the quasi price elasticity with macro socio-economic drivers, with the rate of change being a function of the propensity, expenditure allocation and Engel parameters. For different parameter values, the quasi price sensitivity in a category may be increasing, unaffected, or decreasing relative to disposable income. Specifically, the rate of change of the quasi price elasticity with respect to z rhst for household h in state s, time t, assuming
where for brevity, we define Pr jhst|c hst = P(j | x st , p st , ν hst , z hst , c hst = 1), sgn (x) is a step function indicating the sign of x, and η E = η E[e hst |z hst ,c hst =1],z rhst . There are two special cases where Equation (14) implies that quasi price sensitivity is not affected by macro climate changes. First, if a macro socio-economic driver does not affect category expenditure allocation (η E = 0), and second if the Engel rotation parameters are zero (consumer preferences are homothetic).
Estimation strategy
In the category expenditure allocation model we estimate Θ = {θ c , θ e } (the effect of covariates on the propensity and expenditure), λ (category-level state dependence in propensity), γ (category-level state dependence in expenditure), and the covariance parameters Σ ω and Σ . The likelihood of household h's category-level decisions is:
We marginalize over H households' unobserved components to derive the joint likelihood (across multiple time periods), and estimate by the method of maximum likelihood;
We use bivariate Gauss-Hermite quadrature to marginalize over unobserved heterogeneity (see Raymond et al. 2010 for details), and BOBYQA (see Powell 2009 ) to find the argmax. As the HILDA data is longitudinal, identification proceeds from changes in household level socio-economic descriptors, and in the expenditure allocated to the category for each household. Heuristically, identification of heterogeneity stems from similarities in household decision patterns across periods, while identification of the idiosyncratic component of the unobserved shocks stems from changes in decision patterns, across periods.
We estimate the model of clothes washer choice, using the generalized method of moments. We invert shares to recover ξ jt (K). We construct and minimize the objective function,m (K) Wm (K), where Z jt is the instrument vector,m (K) is the sample analog of population moments Em (K) = EZ jt ξ jt (K), and W is a weight matrix. We estimate the model under the assumption of homoskedastic errors. Next, we use the estimated demand shocks (at the argmin) to update the weight matrix and re-estimate the model.
We use 500 Sobel draws (to ensure quadrature accuracy) when integrating over the heterogeneous component of the utility function. Identification in the product choice model is driven by changes in the distribution of the latent category expenditure and purchase probability, across households, across years.
We treat prices as being endogenous. Following Nevo (2001) we use the following instruments: the sum of attributes of competing brands, by brand, and the price of the same clothes washer in other states. When the price of the clothes washer in other regions is not available, we use the average price of clothes washers in the region. This approach is consistent with prior applications of the ARCL model and is well supported in our substantive application as we (a) choose a mature product category with limited technological change in the period of interest, and (b) study demand in a country that represents a small portion of worldwide household appliances. Additionally, (c) as clothes washers are either imported into Australia or have several imported components, exchange rate fluctuations induce correlations in prices across regions, independent of unobserved demand shocks. Household expenditure allocation Table 4 reports results for both the homogenous (estimated setting heterogeneous parameters to be 0) and heterogenous category expenditure models, including estimates of the distribution of household level unobserved heterogeneity in expenditure allocation, ω. We find that including the heterogenous component reduces the magnitude of the variance of the consideration and expenditure equations (σ ), and attenuates the correlation among the two equations (ρ c , e ). The high negative correlation among the consideration and expenditure equations can be interpreted to mean that smaller expenditures tend to be made more frequently. The high negative correlation among heterogeneity terms combined with a small positive correlation among the stochastic terms of the consideration and expenditure equations, balance out to give a small negative (not statistically significantly different from zero) total correlation across the two equations (ρ) of -0.012 (standard error = 0.023, computed by the delta method). 7
FINDINGS: MACRO SOCIO-ECONOMIC DRIVERS OF PURCHASE
[ We find that the heterogenous model is well supported by the data, with the goodness of fit statistic based on the likelihood ratio (∆G 2 = −2 log LL homogenous + 2 log LL heterogenous = 719, with p = Prob(χ 2 3 ≥ ∆G 2 ) < 0.001). Hence, we report results based on the heterogeneous specification. We find all three drivers are positive and significant, suggesting that they are positively associated with both higher likelihood of purchasing household appliances, and higher expenditure allocation conditional on purchase. Of these, disposable income is the largest driver in both equations. Past consideration in the category has a moderate positive effect on current consideration, suggesting a degree of persistence in category consideration. While we do not report fixed effects for state and years, we find a statistically significant negative effect in 2009 for category consideration (with 2007 as the base year). Table 5 reports estimates from the ARCL model including the Engel rotation parameters.
Results for choice among clothes washers
The top panel presents the linear components of the model (relating to the attributes of energy efficiency and loading capacity, and price), and the bottom presents the "non-linear" parameters, which are driven by heterogeneity and the Engel rotation. We omit estimates of the dummies (brand, year and state fixed effects) for brevity. Except for the intercept, all reported linear estimates are statistically significant. All Engel parameters, except energy efficiency, are statistically significant. The heterogeneity parameters for price and loading capacity, suggest that there is considerable variation across households in price sensitivity and preference for the loading capacity of clothes washers. The Engel parameter for price is negative, suggesting that households with greater expenditure allocations are more price sensitive. The baseline (intercept) Engel parameter is negative, while the Engel parameter for loading capacity is positive, which taken together suggests a rotation in preference towards larger loading capacity machines, with increased category expenditure allocation. Finally, in support of the validity of the instruments, the J-test for overidentifying restrictions, admits the null (p = Prob(χ 2 11 ≥ 0.010) < 0.001).
[ Table 5 about here.] 11), category expenditure allocation elasticity (Equation 12), and product demand elasticity. We find that disposable income has the largest impact on each of these elasticity metrics, followed by mobility, then residential home prices. While Table 6 averages elasticities across products and households, Figure 1 is a histogram describing average clothes washer quasi elasticities with respect to disposable income, by product.
Elasticities
There is considerable heterogeneity in the elasticities across products, which we attribute to the amount of product differentiation and nonhomotheticity. These differences (across products) in elasticity have an important implication: brands, through their product portfolios, will likely be affected differently by changes in disposable income.
[ Figure 1 about here.]
[ Table 6 about here.]
COUNTERFACTUALS: DEMAND IMPACT OF MACRO SOCIO-ECONOMIC SHOCKS Scenarios
We choose scenarios analogous to those discussed in the extant literature. Given the impact of each scenario on the distribution of household socio-economic conditions, we predict changes in aggregate purchase patterns by aggregating over household purchase decisions. Our paper thus provides conservative guidance on the impact of such macro climate on revenues of focal products or brands (the variables of interest to a marketing manager).
We focus on changes in the three socio-economic variables considered in the model: mobility (distance moved by households in the year), residential property prices and a change in disposable income. To examine the impact of an increase in social mobility, in scenario 1, we simulate the effect of 10% of households that did not relocate in 2009, moving by distances drawn from the empirical distribution. In scenario 2, we examine the impact of a decrease in property prices (and hence the value of residential homes) by 10%. And in scenario 3, we examine the effect of a 10% decrease in disposable income for all households.
We consider three fiscal policy scenarios, that provide more detailed insights about the impact of redistributions of incomes. In scenario 4 ("Robin Hood" policy), we consider the impact of reducing the disposable income of the top decile of earners in Australia by 10%, and redistributing their wealth uniformly across all other households.
Broadly, this simulates the impact of wage redistribution by increasing/decreasing marginal tax rates, and governmental transfers, to change the income distribution (reduce income inequality). where the total stimulus is distributed uniformly across households in Australia.
[ Figure 2 about here.]
Impact on total demand for household appliances and clothes washers
The relative impact on clothes washers compared to the impact on consideration and expenditure household appliances, differs markedly across scenarios. Table 7 describes changes in the number of households purchasing household appliances (rows labeled "HN"), total expenditure in household appliances (rows labeled "HE") and on clothes washers (rows labeled "CW") in each scenario. Scenarios 1 and 2 lead to small changes in all metrics. We find that scenario 3, a 10% decrease in disposable income, has the largest effect on aggregate demand for clothes washers. In this scenario, the expected impact is approximately 2% on household appliance expenditure, and 0.56% on clothes washer sales. The "Robin Hood" policy (scenario 4), predicts a moderate increase in consideration and expenditure on household appliances, but a small decrease in clothes washer sales.
In scenario 5, we find that the stimulus payments increased purchase incidence in household appliances, with an additional 50,923 households purchasing household appliances, and a total increase in category expenditure of AUS$60.415 million. Note that scenario 5 simulates the impact of the absence of observed stimulus payments. Hence, results relevant to this scenario should be interpreted in reverse if considering the impact of the stimulus payments. The impact of the stimulus on clothes washers was more limited, with a net increase of 197 units, and a total revenue increase of AUS$133,000. In contrast, the alternative uniform stimulus (scenario 6), relative to the targeted stimulus increases category incidence for household appliances with an additional 1,731
households buying within the category, but decreases total category expenditure by approximately AUS$1.599 million, relative to the targeted stimulus. Compared with the uniform stimulus, the targeted stimulus also leads to lower sales in clothes washers (698 fewer units and AUS$549,000 less in total expenditure). That is the uniform stimulus is more effective than the targeted stimulus in increasing household appliance purchase incidence, but not as effective in increasing expenditure on household appliances.
[ Table 7 about here.]
Impact on clothes washer sales: product differentiation
Across scenarios, in contrast to the relatively small changes in aggregate clothes washer demand, our results suggest the presence of relatively large changes in demand for different clothes washer SKUs. These large changes in share and revenue, which differ in both the direction and magnitude across SKUs, are consistent with our findings of large product elasticities (as described in Figure 1 ). We find that, although the primary demand effect tends to be fairly consistent across washers, substitution effects cause different products to benefit/lose on net from changes in the macro climate, implying that the demand elasticities are primarily driven by substitution across washers, rather than by category expansion/contraction.
To understand the role of product differentiation, we divide clothes washers into four groups, based on loading capacity (high: ≥ 7 kg, and low capacity: ≤ 6 kg) and energy efficiency (high :≥ 4 stars versus low energy efficiency: ≤ 3 stars). The four "box and whisker" plots in Figure 3 (a) describe percentage share changes within each group of products, with each panel representing a group of products. 8 Across the four groups, the "low kg, low energy efficiency" machine is seen to be most vulnerable to macro socio-economic drivers.
[ Figure 3 about here.]
We use weighted least squares to analyze which models benefited more/less from the stimulus payments. We regress the average percentage change in shares on loading capacity, energy efficiency and brand fixed effects (specified as contrasts relative to the private label). We include the interaction of loading capacity and energy efficiency to control for size-specific effects of energy efficiency. We find that the share changes are predicted by product attributes (see Table 8 ). We find that loading capacity is a determinant of share changes in all but the sixth scenario. Energy efficiency predicts share changes in the fourth and fifth scenario.
The regression provides us with a tool for predicting changes in share due to the stimulus payments. For example, the regression suggests that on average the market share of a 9 kg machine with 1 star energy efficiency, increased by 5% due to the stimulus. We find that the stimulus payments (in 2009) likely led to a decrease in sales of smaller (less energy consuming 9 ) clothes washers in favor of larger (more energy consuming) clothes washers; Table 8 shows that shares of large clothes washers increased due to the stimulus.
[ Table 8 about here.]
Impact on clothes washer sales: brands
As brought out in the analytical results, a brand is vulnerable to changes in the macro climate based on its assortment. For example, if a brand's product assortment consists of large clothes washers then our previous results suggest the brand would fare poorly in recessions (with decreases in disposable income). The box and whisker plots (Figure 3b) describe changes in shares for products sold by the eight largest brands. The height of the box and whisker plots demonstrates that for several brands, their SKUs are susceptible to large (positive and negative) changes in demand. However, the median line being close to zero for a number of brands suggest that that these brands are well diversified to dampen the effect of the macro climate. We find that scenarios 1, 2 and 4 have a relatively smaller impact on brand shares, while scenarios 3 and 5 have relatively larger effects. In scenario 6 (the uniformly allocated stimulus) brand shares are similar to those seen in the observed stimulus (base line scenario).
In Table 9 , we separate between the primary demand effect (the increase/decrease in the number of units sold due to category expansion/contraction, labeled "PD (#)"), and the substitution effect (the increase/decrease in units sold due to consumers substituting to/from focal products, labeled "MS (#)"), in each scenario, by brand (see van Heerde et al. 2003 , for a detailed exposition). The effects of the substitution, even at the brand level, tend to be the dominant component of demand changes across scenarios. Across the scenarios we see a number of situations where the market share effect moves opposite to the primary demand effect. In Table 10 , we tabulate the effect on demand for products of different brands (we drop "Bosch" and "
LG" to simplify analysis) of the stimulus (scenario 5).
[ Table 9 about here.]
[ Table 10 Tables 9 and 10 we see that both brands were negatively affected by the stimulus payments. Our results suggest that the stimulus payments led to consumers substituting towards larger washers. As both brands on average sell smaller clothes washers, they consequently saw a decrease in sales, while competing brands that sell larger washers (e.g. Electrolux and Whirlpool) saw an increase in sales. Conversely, we find that the brands benefit from decreasing incomes (scenario 3) as that leads consumers to substitute towards smaller washers, and hence their product assortments.
CONCLUSION
Traditionally, macroeconomists have been more interested in modeling changes in expenditure (for example, total spending on durables) due to changes in the macro climate, without delving into questions relating to market structure and product shares.
Some recent work has explored the role of demographics (such as income, population, family structure and age) on preferences and choice (see Heathcote et al. 2009 for a review). However, thus far, the extant literature has neglected nonhomotheticity (as pointed out by Krusell and Smith 2006) : that is, does a household that changes its expenditure in a category, also change its purchase patterns within the category?
Our article develops and applies a framework for identifying and simulating the impact of such macro socio-economic drivers on purchase patterns, and preferences at the category, brand and product level, and focuses on a specific category and sub-category to illustrate the use of the model. There are several other industries to which the framework could be applied. For example, the automobile industry is impacted by the interest rate, which often dictates the purchasing power of the consumer. Understanding the impact of such drivers is important for both managers, who must continually update their marketing mix, and for policy makers, who formulate appropriate responses. Indeed, coupled with a model that predicts changes in macro socio-economic drivers, the insights generated may lead to an avenue for growth for firms able to plan and optimize for changes in consumer preferences.
Our analytical results reveal, inter alia, that the effect of macro socio-economic drivers depends on the Engel parameters and the extent to which products and brands are differentiated. In our application, we find that while individual products and brands (in clothes washers) are affected differently by changes in macro socio-economic drivers, when considering aggregate category revenue these effects often cancel out. That is, the high degree of product substitution explains why we observe comparatively smaller changes in the impact of such drivers at the category-level, than at the product-level.
An important message of our paper is that products differ in their vulnerability to the macro climate, with the net impact on a brand hinging on its product line. It is crucial for brands to assess their exposure to changes in macro socio-economic drivers.
Our model provides a tool to translate changes in the distribution of household specific variables, into their impact on expenditure and choices for a focal set of products. Thus, our model can be used by brand managers to compare the performance of candidate product portfolios under different macro conditions. Our approach also enables policy makers to quantify the market level impact of policies that change distributions of, for example incomes, as showcased by scenarios 4, 5 and 6. Our findings suggest that there may be ancillary effects from such policies on the size of clothes washers preferred, and thereby aggregate energy consumption. Such findings resonate with a growing interest in the impact of policy on consumer behavior. For example, Knittel (2011) finds that low gasoline prices (favored by U.S. policymakers) have resulted in American consumers purchasing larger, more powerful and hence more energy consuming cars.
Methodologically, we contribute to the literature by combining a disaggregate dataset describing household level financial variables, and aggregate data describing market shares. This data structure is fairly commonly encountered in marketing, where individual or household data describes purchases or consumer behavior without measuring brand choices, and (aggregate) market share data describes consumer purchases, aggregated across a market. For example, while some datasets study individual consumer decisions (for example, patient compliance), other datasets describe aggregate purchases (market shares of competing brands). In such cases, our framework may allow for more granular inference (for example, measuring the impact of a policy intervention to increase patient compliance, on a focal product's share and revenue).
While we view this study as a useful step in exploring the implications of macro socio-economic drivers on consumers, our study has limitations that offer opportunities for further research. We abstract from modeling forward-looking behavior. Anecdotal evidence strongly suggests that households typically do not wait for lower prices or improved technology when purchasing clothes washers. Further, in order to enrich the model and allow for forward-looking consumers, we would need to observe (or impute) the stock of consumer durable, in each household, in each period. To the best of our knowledge, there is no comparable dataset that records the stock of durable goods, across Australia, for different states and years.
In the spirit of comparative statics, scenarios examined in our paper look at the (partial) impact of a change in only one variable per scenario (to ease inference and analysis). Our simulations can easily be extended to account for changes in multiple variables, and measured over a number of years. As the impact of changes in multiple macro drivers likely compound, in practice, analysts would benefit from building on our simulations and consider the combined impact of multiple drivers.
Finally, future studies may explore the impact of macro climate on competition.
Some evidence on changes in marketing conduct has been offered by Lamey et al. (2012) for 106 consumer packaged goods categories. In general, studying marketing conduct co-movement requires substantially longer panel datasets than we have access to. In addition, in durable products, technological change and firm entry/exit likely compound data requirements. However, our findings taken together with the extant literature imply that elasticities likely evolve over time due to changes in consumer preferences and it would be of interest to trace the impact of such changes in demand primitives on marketing conduct and competition. 17, Rewrite the consideration and expenditure equations, combining ω h and h in equations (1) and (2) The probability of household h buying product j is: P(j | x st , p st , ν hst , z hst ) = P(j | x st , p st , ν hst , z hst , c hst = 1)P(c hst = 1 | z hst ). 
